ABSTRACT For wireless sensor networks, sensing data without location information are useless for future processing and decision-making systems. A wireless localization method can provide critical position information for the sensing data in the coverage field. Trilateration localization is applied widely in many systems due to its low cost and widespread availability. However, there are many negative factors that lead to low localization accuracy. Many improved versions of trilateration localization, including the weighted trilateration localization, the trilateration centroid localization, and other related methods, have been proposed to improve localization accuracy. However, these methods do not consider the influence mechanism of the negative factors, and the localization results are unsatisfactory. In this paper, considering the uncertainty propagation mechanism during trilateration localization, we propose an improved trilateration localization method with minimum uncertainty propagation and optimized selection of anchor nodes (ITL-MEPOSA). In this method, we consider the uncertainty propagation from distance estimation to localization calculation and evaluate the uncertainty propagation of each distance estimation result. Then, we utilize a single scan-sliding window with an optimized algorithm to select anchor nodes with minimum uncertainty propagation. Finally, based on the selected anchor nodes and their corresponding distance estimation results, an accurate localization result can be obtained through the least square criterion. The simulations and experimental results show that the proposed method can obtain high localization accuracy with acceptable efficiency.
I. INTRODUCTION
In wireless sensor networks (WSNs), there are numerous sensing parameters and types of status information.
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These sensing data are useless without position information in many sensing and control application systems [1] , [2] . Therefore, localization plays a major role in these systems. Currently, wireless localization can provide position information for military, aerospace, emergency scheduling, research and rescue work, fault diagnosis and many other related location-based service systems in various application fields. Position information always supports the critical decisionmaking of these application systems.
Localization methods can be classified into two categories [3] , [4] : range-based localization methods, including trilateration, least squares, maximum likelihood and many other related methods, and range-free methods, including centroid, DV-Hop, N-Hop and other localization methods. Higher localization accuracy can be gained with the former methods. Thus, range-based localization methods are implemented widely in numerous application systems.
Range-based localization requires two steps: distance estimation and localization computation [3] - [5] . First, we use a specific method to obtain the distance estimation results between the anchor nodes (reference nodes) and an unknown node (to be localized). Then, based on the distance estimation results and the coordinates of the corresponding anchor nodes, we use a localization method for localization computation and obtain the localization result of the unknown node. The localization computation method can be a trilateration, least squares, maximum likelihood, or min-max method, or an improved version of one of these methods. When we perform distance estimation and localization computation, there are certain negative factors that may lead to errors in the distance estimation results and in the localization result [6] , [7] . To improve the localization accuracy of the trilateration localization method, various improved methods are presented. However, due to either limitations or the complexity of the actual localization environment, improvement is unsatisfactory because these methods do not consider the uncertainty propagation mechanism, which results in limited localization improvement. To minimize the negative impact of uncertainty factors on the localization accuracy, we consider the uncertainty propagation mechanism from input to output of the localization system and present an improved trilateration localization method with minimum uncertainty propagation and optimized selection of anchor nodes (ITL-MEPOSA).
With the proposed ITL-MEPOSA method, the following contributions are made: 1) Considering the negative impact of uncertainties during the trilateration localization calculation procedure, we comprehensively analyze uncertainty propagation. Additionally, we identify the anchor nodes with minimum uncertainty propagation in the localization result. 2) To minimize the negative impact of distance estimation uncertainties on the localization accuracy, we propose an optimized selection algorithm based on the uncertainty propagation analysis to select distance estimation results with minimum uncertainty propagation and corresponding anchor nodes to form localization equations. 3) To achieve high localization accuracy, we present the improved trilateration localization method with minimum uncertainty propagation and optimization anchor node selection based on uncertainty propagation analysis and optimized selection strategy.
The rest of this paper is structured as follows. We review related works in Section II. Section III illustrates uncertainty propagation and synthesis during trilateration localization. Section IV presents our proposed improved trilateration localization method, i.e., ITL-MEPOSA, including its framework and implementation details. In Section V, we evaluate the performance of the proposed trilateration localization method and make comparisons with related methods. Finally, we discuss the conclusions of our work.
II. RELATED WORKS
Range-based localization methods can achieve high accuracy by taking advantage of distance estimation [8] , [9] . These approaches include trilateration localization, weighted centroid localization, least-square localization, maximumlikelihood localization and other related localization methods. The negative effects of various factors, such as environmental interference, measurement error, and multipath and no line of sight (NLOS) propagation of the radio signal, may lead to different levels of distance estimation error [4] , [7] . Many strategies have been presented to improve the accuracy of distance estimation and localization. The mean of the input measurement results (including received signal strength indicator (RSSI), time of arrival (TOA), time difference of arrival (TDOA) and other parameters) is treated as the final result [3] - [7] . Furthermore, mapping-based distance estimation and localization methods have been proposed to achieve high-quality distance estimation results and localization results [8] ; however, their flexibility is limited.
Among low-cost and easy-to-deploy range-based localization methods, the trilateration localization method is used in various application systems due to its low computation complexity. However, due to the negative effect of error during distance estimation, this method leads to low-quality localization results or even no solution at all. Reference [11] described distance estimation qualities and proposed a weighted improved version. The combination of different kinds of localization methods was considered, and trilateration and min-max methods were combined to conduct indoor localization. Reference [12] suggested that the smaller the value of the distance estimation is, the higher the quality. Therefore, they selected the three smallest distance estimation results to construct localization equations; however, this approach may not be in accordance with the real localization environment. Reference [13] presented an improved version of trilateration localization. In this method, anchor nodes were randomly selected for localization. Considering uncertainty during localization, Reference [14] adopted a specific random selection strategy for selecting neighbor nodes as anchor nodes, but the results could not be guaranteed. Reference [15] evaluated the standard deviation of TOA and used an optimized algorithm to make a high-quality distance estimation and select corresponding anchor nodes; however, because they did not consider the uncertainty propagation mechanism, the improvement was limited. VOLUME 7, 2019 Considering the uncertainties and their propagation during distance estimation and trilateration localization, we present an uncertainty propagation analysis and an optimized selection-strategy-based trilateration localization method for enhancing the localization accuracy, called improved trilateration localization with minimum error propagation and optimization selection of anchor nodes (ITL-MEPOSA). In this method, we first comprehensively analyze error propagation during localization, and then we optimize the selection of the anchor nodes with minimum error propagation to perform trilateration localization to minimize the negative impact on the localization result and thus improve the localization accuracy.
III. UNCERTAINTY PROPAGATION MECHANISM ANALYSIS
In this section, we will analyze the uncertainty propagation mechanism of the uncertainty factors during trilateration localization to determine the accuracy of the trilateration localization performance.
During trilateration localization, we assume anchor nodes A = {A 1 , A 2 , A 3 } and the corresponding distance estimation
denote the anchor nodes, and d i (1 ≤ i ≤ 3) denotes the distance estimation result. We suppose the coordinates of anchor nodes A 1 , A 2 , and A 3 are {(x 1 , y 1 ), (x 2 , y 2 ), (x 3 , y 3 )}, respectively. The coordinates of the unknown node are assumed to be (x, y). The localization equations can be formed as follows:
(1) Then, we can create the following equation:
Assuming x 2 + y 2 = t, based on the least squares criterion, we can derive the solution of the location equations:
where the matrices C, D and X are defined as follows:
In (5), the uncertain factors could be the coordinate information {(x 1 , y 1 ), (x 2 , y 2 ), (x 3 , y 3 )} of the anchor nodes and the distance estimation results
The corresponding sensitivity coefficients of these uncertain factors are listed as follows:
According to the total differentiation formula (TDF), we can obtain the localization error ( δx δy ) through the following result:
where δ x 1 , δ y 1 , δ x 2 , δ y 2 , δ x 3 , and δ y 3 denote the coordinate errors of these anchor nodes. Further, δ x 1 , δ y 1 , and δ x 2 present the error of each distance estimation result. In our trilateration localization system, we assume the anchor nodes' coordinate information to be constant. Therefore, the uncertainties of the coordinate information are ignored. We can obtain the localization error ( δx δy ) through (15):
We can obtain the standard deviation of the localization result through (16) according to the square root rule: From (17), as shown at the bottom of the next page, we can see that the standard deviation of the localization result has a direct relationship with the distance estimation results and the corresponding standard deviation information, which means that the smaller the value of the product of the distance estimation result and its standard deviation is, the smaller the standard deviation of the localization result. In localization application systems, there are many anchor nodes for trilateration localization. To improve the accuracy of the trilateration localization result, we take full advantage of uncertainty propagation analysis and (17) to optimize the selection of the anchor nodes with their corresponding distance estimation and localize the unknown node.
There are many other uncertainty factors in the trilateration localization, including the uncertainty of the anchor nodes' coordinate information, the noise and other factors. However, the uncertainties they propagated on the localization result are very small. Therefore, we neglect them for simplicity. 
IV. IMPROVED TRILATERATION LOCALIZATION WITH MINIMUM UNCERTAINTY PROPAGATION AND OPTIMIZED SELECTION OF ANCHOR NODES (ITL-MEPOSA)
The framework of the ITL-MEPOSA method is first described, including its principles, its components, and the functions of its components. Then, the implementation details are illustrated.
A. ITL-MEPOSA METHOD FRAMEWORK
The framework of improved trilateration localization with minimum uncertainty propagation and optimized selection of anchor nodes (ITL-MEPOSA) is illustrated in Fig. 1 We first conduct distance estimation between the anchor nodes and an unknown node through a specific method and analyze the uncertainty propagation during trilateration localization to find the uncertainty factors and their sensitivity coefficients. We can obtain the important reference information for the optimized selection of the anchor nodes. Then, through specific optimization algorithms, we select anchor nodes and their corresponding distance estimation results to form the localization equations. Finally, we perform localization computation according to the least square criterion.
1) DISTANCE ESTIMATION & UNCERTAINTY PROPAGATION ANALYSIS
There are numerous distance estimation methods, including RSSI, TOA, TDOA, AOA (angle of arrival) and SDS-TWR (symmetric double-sided two-way ranging), and each has specific traits. In this framework, users can use one of these methods to calculate a distance estimation result according to their application requirements. In our work, we adopt the SDS-TWR distance estimation method for higher accuracy. To further increase the accuracy, we repeat the distance estimation 150 times, and we conduct statistical computing on these distance estimation results to obtain the standard deviation of each distance.
During trilateration localization, there are many uncertainty factors that can cause different levels of error and negatively impact the trilateration localization result. Therefore, we conduct an uncertainty propagation analysis. In this stage, we determine the uncertainty factors and their corresponding sensitivity coefficients. Thus, we determine the main uncertainty factors and take effective measurements to minimize the localization error. The theoretical analysis of the uncertainty propagation is illustrated in Section III.
2) OPTIMIZED SELECTION OF ANCHOR NODES
Suppose there are many anchor nodes. For the trilateration localization method, we can choose appropriate anchor nodes to form the localization equations through specific optimized algorithms. To minimize the negative effect on the localization result, we select the anchor nodes with minimum uncertainty propagation on the localization result through specific optimizing algorithms. In this framework, every appropriate optimized algorithm can be used to select anchor nodes. In this paper, we propose and apply a selection algorithm for the anchor nodes called optimized selection with a sliding window (OSSW).
3) FORMATION OF LOCALIZATION
After the optimized selection of anchor nodes, we use the corresponding coordinate information and distance estimation results between the selected anchor nodes and the unknown nodes to form trilateration localization equations. Taking full advantage of high-quality distance estimation and minimum uncertainty propagations can help obtain more accurate localization results.
4) LOCALIZATION COMPUTATION
During the localization computation stage, we compute the localization result according to the least square criterion for higher localization accuracy.
B. DISTANCE ESTIMATION & UNCERTAINTY PROPAGATION ANALYSIS
The distances between anchor nodes and the unknown node can be estimated using a specific method. RSSI, VOLUME 7, 2019 TOA, TDOA, AOA or SDS-TWR could be adopted. In our localization system, we use the SDS-TWR distance estimation method. Then, to obtain more accurate estimation results, we repeat the SDS-TWR distance estimation 150 times for each distance and conduct statistical computations on the results. We treat the mean of the distance results as the final distance result and the standard deviation of the distance results as the uncertainty information.
1) DISTANCE ESTIMATION
The procedure for SDS-TWR distance estimation between the unknown node and the anchor node is shown in Fig. 2 . The unknown node first sends a start distance estimation message to the anchor node. The anchor node receives it and sends a response message. Then, the anchor node sends a start distance estimation message to the unknown node. The unknown node then replies with a response message. Through these interacting messages, we can obtain the following time information: T round A , T round B , T reply A , and T reply B . Additionally, we can obtain the distance estimation result d, as shown in (18), where T round A denotes the propagation delay from the unknown node to the anchor node and back to the unknown node, T round B represents the propagation delay from the anchor node to the unknown node and back to the anchor node, T reply A is the processing delay of the unknown node, and T reply B denotes the processing delay of the anchor node. v denotes the propagation velocity of the radio signal. To obtain higher distance estimation accuracy, estimation is repeated N times, and N ∈ N for the distance between the unknown node and the anchor node A 1 . As a result, we can obtain the distance sequence
Here, n denotes the serial number of the distance estimation, and n ∈ N, 1 ≤ n ≤ N .
Suppose there are J anchor nodes, and J ∈ N, 4 ≤ J . For other distance estimations between the unknown node and A j , we estimated the distance D j N times. Here, j denotes the serial number of the anchor node, and j ∈ N, 1 ≤ j ≤ J . As a result, we can obtain the following distance estimation sequence:
We perform statistical computations on these distance sequences. For the distance sequence (2) and (3) 
Equally, statistical calculations are conducted on the other distance estimation sequences, which refer to the other anchor nodes. As a result, we can obtain the distance estimation result {d 1 _u, d 2 _u, d 3 _u, · · · , d j _u, · · · , d J _u} and the corresponding uncertainty information {d 1 _σ,
2) UNCERTAINTY PROPAGATION ANALYSIS
In Section II, we comprehensively analyze uncertainty propagation during trilateration localization. From the analysis result, we can see that the standard deviation of the localization result has a direct relationship with the distance estimation results and their standard deviation. There are many redundant anchor nodes for trilateration localization in many localization environments. Therefore, we can take full advantage of these anchor nodes and the uncertainty propagation analysis result by selecting optimized anchor nodes with minimum uncertainty propagation to form localization equations and enhance the localization accuracy.
(
53140 VOLUME 7, 2019
C. OPTIMIZED SELECTION OF ANCHOR NODES
After the statistical calculation and uncertainty propagation analysis, we select optimized anchor nodes from these abundant anchor nodes in terms of the minimum uncertainty propagation, which means that the anchor node should have the minimum product d j _u * d j _σ of distance estimation d j _u and corresponding uncertainty information d j _σ . Additionally, we can obtain an accurate localization result for the sensor node. For the optimized selection strategy, every optimized algorithm can be adopted. In this paper, we present an optimized selection algorithm called optimization selection with a sliding window (OSSW). In this algorithm, a sliding window is adopted to temporarily store the serial number of the minimum uncertainty propagation. We show the OSSW algorithm as follows: As the algorithm can select an anchor node with a one-pass scanning strategy, the complexity is not very high. Thus, we conclude that the computational time complexity of the OSSW algorithm is O(J ), and it is linear with J .
Using the OSSW algorithm, we can obtain the sliding window T_Window = {As 1 , As 2 , As 3 }, which corresponds to three anchor nodes with minimum uncertainty propagation.
D. TRILATERATION LOCALIZATION FORMATION AND LOCALIZATION COMPUTATION
We can form the trilateration localization equations with the optimized selected anchor nodes A_s = {As 1 , As 2 , As 3 } and related distance estimation results d S = {d As1 _u, d As2 _u, d As3 _u}. Suppose the coordinate information of the three anchor nodes is {(A S1 _x, A S1 _y), (A S2 _x, A S2 _y), · · · , (A S3 _x, A S3 _y)}. Moreover, we denote the coordinate information of the unknown node as (x,ŷ). We form the trilateration localization equations as follows:
We can obtain the following equation:
Assumingx 2 +ŷ 2 = t, we can obtain the solution for the location equations based on the least square criteriončž
where the matrices C and Dare defined as follows
We evaluate the performance of our proposed ITL-MEPOSA method and compare it with that of other related methods.
A. SIMULATION SETUP 1) SIMULATION CONDITIONS
We deploy our simulation environment in a 7.2 × 9.2 m field, as shown in Fig. 3 . There are ten anchor nodes and ten unknown nodes. For each unknown node, we add different levels of uncertainty to the distance estimation result and evaluate the performance of our proposed ITL-MEPOSA method. We also compare its performance with that of other related methods, including TPITL [13] , [14] , Trilateration-U [3] , [8] , and Trilateration-M [12] . These methods are improved versions of trilateration localization. Then, we select anchor nodes with higher quality to perform localization. In TPITL [13] , [14] , we randomly select VOLUME 7, 2019 anchor nodes from redundant anchor nodes to construct localization equations. In Trilateration-U [3] , [8] , we adopt a filter that assigns a weight to each anchor node and treats the weighted coordinate sum as the final localization result. In Trilateration-M [12] , we select the anchor nodes with the minimum distance estimation results to conduct localization. To be fair, only the selected anchor nodes are optimized with these specific strategies, and we ignore other processing steps in these localization methods.
2) EVALUATION METRIC
The localization performance is tested for accuracy. For the localization accuracy, we use the absolute mean localization error e MAE as the accuracy metric, which can be calculated as (26):
where e MAE is the mean absolute localization error, (x k ,ŷ k ) is the localization result of the unknown node, (x k , y k ) is the reference location of the unknown node, n is the serial number of the localization point, and K is the total number of localization operations. The smaller the value of e MAE is, the more accurate the localization result. The configuration of the platform used to evaluate the localization processing is as follows: Intel (R) i7 720QM@1.6 GHz, 8GB RAM, Windows 7 (64 bit), MATLAB 2011b.
B. LOCALIZATION EVALUATION
To simulate different levels of distance uncertainty in various localization environments, on each localization point, we add random additional white noise to the ten distances between the unknown node and the anchor nodes. The noise matrix dimension is k × 10 with an average standard deviation r. Here, k denotes the additional noise, which has a value of 1000 in our paper. The number 10 corresponds to ten distances between the unknown node and the anchor nodes. r represents the average standard deviation, which could take different values to simulate different levels of uncertainty. Then, we perform statistical calculation on the k × 10 noise matrix and obtain accurate standard deviation information for the ten additional noise values. These values will be used in subsequent localization algorithms. The absolute mean localization error e MAE of these methods is illustrated in Fig. 4 . Figure 4 illustrates the localization accuracy of our proposed ITL-MEPOSA method and compares it with that of the other related methods. It can be seen that the ITL-MEPOSA method has higher localization accuracy than the other methods. More specifically, when the average standard deviation r takes a small value, the localization accuracies of these methods are almost the same, whereas with the increase in the average standard deviation, the localization accuracy of ITL-MEPOSA becomes much higher than that of the other methods, mainly because ITL-MEPOSA considers uncertainty propagation during trilateration localization and takes effective measurements to optimize and select high-quality distance estimation results to perform localization. Therefore, the simulations are a valid justification for the algorithm.
VI. EXPERIMENT AND EVALUATION
Simulation validates our proposed method in an ideal environment. We can flexibly adjust the uncertainties of distance estimation results to comprehensively justify our proposed algorithm. We also perform experiments to evaluate the feasibility of the proposed method, and we validate the proposed method in a real localization environment. Thus, the simulation and experiment are strongly connected and supplement each other.
In this section, under different environments, the performance of our proposed ITL-MEPOSA method is evaluated and compared with that of other related methods. First, the experimental setup is illustrated. Then, the feasibility of ITL-MEPOSA is evaluated. Moreover, the performance of the ITL-MEPOSA method is evaluated under different localization environments. We also compare its performance with that of other related localization methods. Finally, the generality and localization accuracy are considered for the general conclusions.
A. EXPERIMENTAL SETTING 1) EXPERIMENTAL CONDITIONS
We show the wireless localization node adopted in our experiments in Figure 5 . In our experiment, there are FIGURE 5. NanoLOC wireless sensor node adopted in experiment. eleven localization nodes, including ten anchor nodes and an unknown node. The distance estimation of these nodes is built through the SDS-TWR method for higher accuracy. The localization test system is deployed in a 7.2 × 9.2 m field, as shown in Figure 6 . To comprehensively evaluate the performance of our proposed method, we deploy our localization system in three typical environments, i.e., indoor, hall and open air, as shown in Figure 7 . In the localization field, the anchor nodes are fixed at specific points, and the unknown node is moved to different localization points, as shown in Figure 6 . At each localization point, SDS-TWR-based distance estimation is first performed 150 times, and the statistical calculation is applied to these distance estimation sample results. Then, localization is conducted. As the height of the wireless localization node may affect the accuracy of the localization result, the localization nodes are deployed at three typical heights. The experimental parameter settings are illustrated in Table 1 . 
2) EVALUATION METRIC
The evaluation metrics are the same as those in the simulation section. For the localization accuracy, we use the absolute mean localization error e MAE as the accuracy metric. We assess the localization efficiency in terms of the processing time.
3) EXPERIMENTAL DESIGN
In the three typical environments previously mentioned, the anchor nodes are fixed at specific points. The unknown node is moved from one location point to the next point. On each localization point, the unknown node transmits a distance estimation request message to the surrounding anchor nodes, and through message exchange between the anchor nodes and the unknown node, distance estimation is repeated 100 times. Then, statistical calculation is applied to the distance estimation sample values. The final distance estimation result {d Aj _u}, 1 ≤ j ≤ 10 and its standard deviation {d Aj _σ } are obtained. Moreover, the anchor nodes selected from these anchor nodes to form the trilateration equations can be optimized. Finally, the least-square-based localization result is obtained, and the localization accuracy and efficiency are evaluated and compared with those of related methods.
B. FEASIBILITY EVALUATION
As the radio propagation characteristics may change with localization node deployment height, the impact of the wireless sensor node's height on the localization accuracy is evaluated at different heights, as shown in Table 1 . The localization accuracy e MAE is illustrated in Figure 8 . Figure 8 shows that the height of the wireless localization node has a slight impact on the accuracy on these typical height values. To improve the localization accuracy, the height of the wireless localization nodes is set at 0.6 m.
C. PERFORMANCE EVALUATION
The performance of our proposed localization method, ITL-MEPOSA, is evaluated in this subsection and compared with that of related methods.
1) LOCALIZATION ACCURACY EVALUATION
The localization test system is deployed under three typical environments, i.e., indoor, hall, and open air. The performance of ITL-MEPOSA is evaluated with respect to localization accuracy and efficiency. ITL-MEPOSA is also compared with related methods, including TPITL [13] , [14] , Trilateration-U [3] , [8] , and Trilateration-M [12] . These methods are improved versions of trilateration localization. The absolute mean localization error e MAE of these methods is illustrated in Figure 9 and Table 2 . Figure 9 and Table 2 illustrate that, for these localization methods, our proposed TL-MEPOSA method has better localization accuracy than other related localization methods. More specifically, relative to the Trilateration-U method, the TL-MEPOSA method can reduce the localization error by 29.36% indoors, by 38.42% in the hall, and by 20.51% in the open air. In the same manner, relative to the TPITL localization method, the TL-MEPOSA method can reduce the localization error by 23.26% indoors, by 26.87% in the hall, and by 12.54% in the open air. Compared to the Trilateration-M method, the TL-MEPOSA method can reduce the localization error by 22.21% indoors, by 24.53% in the hall, and by 11.56% in the open air. These results are primarily due to the uncertainty propagation analysis during localization and the use of the optimized anchor nodes selection strategy to perform localization. Therefore, the TL-MEPOSA method can narrow the negative impact of uncertainties on the trilateration localization result and achieve higher localization accuracy. Figure 9 and Table 2 show that the environment has a high degree of impact on the localization accuracy.
b: EFFECT ANALYSIS OF THE ENVIRONMENT ON LOCALIZATION ACCURACY
More specifically, the localization accuracy of the TL-MEPOSA method is very low in the hall but higher indoors, and the localization accuracy is highest in the open air, mainly because of the complex radio propagation environment in the hall, which includes reflection interference, multipath interference, and other factors. The radio propagation environment is better indoors and in the open air; thus, the accuracy of the distance and localization calculations is very high.
2) LOCALIZATION EFFICIENCY EVALUATION
The localization efficiency of TL-MEPOSA is also considered. It is evaluated in terms of the processing time and compared with other related methods, including Trilateration-U, TPITL, and Trilateration-M. The localization processing time of these methods is illustrated in Table 3 . Table 3 illustrates that the processing time of TL-MEPOSA is higher than those of the Trilateration-U, TPITL, and trilateration-M localization methods in the three typical localization environments, mainly due to the statistical calculations and the optimization selection of the anchor nodes in the TL-MEPOSA method, which are not required for Trilateration-U, TPITL, and Trilateration-M. However, the processing times of these methods are approximately the same. When considering both accuracy and efficiency, our proposed TL-MEPOSA method is preferable.
D. DISCUSSION OF THE GENERALITY OF MINIMIZED UNCERTAINTY PROPAGATION
Different from the random selection or minimum selection strategy, for the TL-MEPOSA method, uncertainties are considered during the distance estimation and localization stages in typical localization environments, and the statistical calculation is applied to the distance estimation results. Then, the anchor nodes are optimally selected to perform trilateration localization. Finally, the experimental results show the validation and feasibility of this method. It should be noted that this strategy can be applied to other localization methods, including least squares and maximum-likelihood localizations. This topic will be considered in our future research.
E. DISCUSSION OF LOCALIZATION ACCURACY
From Figure 9 and Table 2 , the localization accuracies of these methods indoors are lower than those of these methods in the hall and in the open air. Further, the localization accuracy of the TL-MEPOSA method is the highest of these methods. However, the accuracy itself is not satisfactory due to the narrow localization field in the three typical environments and the limitation of the trilateration localization method. We will explore methods for achieving higher localization accuracy with lightweight processing times in our future research.
VII. CONCLUSION
An improved trilateration localization method called TL-MEPOSA is proposed by considering uncertainty during distance estimation and trilateration localization. In this method, uncertainty propagation analysis and optimized selection strategies are adopted to improve the localization accuracy. The simulation and experimental results of three typical environments validate and illustrate the feasibility of the method. Relative to other related methods, TL-MEPOSA can achieve higher accuracy in a similar processing time.
Lightweight localization with high accuracy will be a focus of future research to improve the localization accuracy required from wireless temperature and humidity sensor networks. 
